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Learning Objectives
• Become familiar with common categories of medical data.
• Appreciate the importance of collaboration between caregivers and data
analysts.
• Learn common terminology associated with relational databases and plain text
data ﬁles.
• Understand the key concepts of reproducible research.
• Get practical experience in querying a medical database.
11.1 Introduction
Data is at the core of all research, so robust data management practices are
important if studies are to be carried out efﬁciently and reliably. The same can be
said for the management of the software used to process and analyze data. Ensuring
good practices are in place at the beginning of a study is likely to result in sig-
niﬁcant savings further down the line in terms of time and effort [1, 2].
While there are well-recognized beneﬁts in tools and practices such as version
control, testing frameworks, and reproducible workflows, there is still a way to go
before these become widely adopted in the academic community. In this chapter we
discuss some key issues to consider when working with medical data and highlight
some approaches that can make studies collaborative and reproducible.
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11.2 Part 1—Theoretical Concepts
11.2.1 Categories of Hospital Data
Data is routinely collected from several different sources within hospitals, and is
generally optimized to support clinical activities and billing rather than research.
Categories of data commonly found in practice are summarized in Table 11.1 and
discussed below:
• Billing data generally consists of the codes that hospitals and caregivers use to
ﬁle claims with their insurance providers. The two most common coding sys-
tems are the International Statistical Classiﬁcation of Diseases and Related
Table 11.1 Overview of common categories of hospital data and common issues to consider
during analysis
Category Examples Common issues to consider
Demographics Age, gender, ethnicity, height,
weight
Highly sensitive data requiring
careful de-identiﬁcation. Data
quality in ﬁelds such as ethnicity
may be poor
Laboratory Creatinine, lactate, white blood cell
count, microbiology results
Often no measure of sample
quality. Methods and reagents used








Protected health information, such
as names, may be written on slides.








Data may be pre-processed by
proprietary algorithms. Labels may
be inaccurate (for example,
“ﬁngerstick glucose”
measurements may be made with
venous blood)
Medication Prescriptions, dose, timing May list medications that were
ordered but not given. Time stamps






Diseases (ICD) codes, Diagnosis
Related Groups (DRG) codes,
Current Procedural Terminology
(CPT) codes
Often based on a retrospective
review of notes and not intended to
indicate a patient’s medical status.





Admission notes, daily progress
notes, discharge summaries,
Operative reports
Typographical errors. Context is
important (for example, diseases
may appear in discussion of family
history). Abbreviations and
acronyms are common
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Health Problems, commonly abbreviated the International Classiﬁcation of
Disease (ICD), which is maintained by the World Health Organization, and the
Current Procedural Terminology (CPT) codes maintained by the American
Medical Association. These hierarchical terminologies were designed to provide
standardization for medical classiﬁcation and reporting.
• Charted physiologic data, including information such as heart rate, blood
pressure, and respiratory rate collected at the bedside. The frequency and
breadth of monitoring is generally related to the level of care. Data is often
archived at a lower rate than it is sampled (for example, every 5–10 min) using
averaging algorithms which are frequently proprietary and undisclosed.
• Notes and reports, created to record patient progress, summaries a patient stay
upon discharge, and provide ﬁndings from imaging studies such as x-rays and
echocardiograms. While the ﬁelds are “free text”, notes are often created with
the help of a templating system, meaning they may be partially structured.
• Images, such as those from x-rays, computerized axial tomography (CAT/CT)
scans, echocardiograms, and magnetic resonance imaging.
• Medication and laboratory data. Orders for drugs and laboratory studies are
entered by the caregiver into a physician order entry system, which are then
fulﬁlled by laboratory or nursing staff. Depending on the system, some times-
tamps may refer to when the physician placed the order and others may refer to
when the drug was administered or the lab results were reported. Some drugs
may be administered days or weeks after ﬁrst prescribed while some may not be
administered at all.
11.2.2 Context and Collaboration
One of the greatest challenges of working with medical data is gaining knowledge
of the context in which data is collected. For this reason we cannot emphasize
enough the importance of collaboration between both hospital staff and research
analysts. Some examples of common issues to consider when working with medical
data are outlined in Table 11.1 and discussed below:
• Billing codes are not intended to document a patient’s medical status or treat-
ment from a clinical perspective and so may not be reliable [3]. Coding practices
may be influenced by issues such as ﬁnancial compensation and associated
paperwork, deliberately or otherwise.
• Timestamps may differ in meaning for different categories of data. For example,
a timestamp may refer to the point when a measurement was made, when the
measurement was entered into the system, when a sample was taken, or when
results were returned by a laboratory.
• Abbreviations and misspelled words appear frequently in free text ﬁelds. The
string “pad”, for example, may refer to either “peripheral artery disease” or to an
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absorptive bed pad, or even a diaper pad. In addition, notes frequently mention
diseases that are found in the patient’s family history, but not necessarily the
patient, so care must be taken when using simple text searches.
• Labels that describe concepts may not be accurate. For example, during pre-
liminary investigations for an unpublished study to assess accuracy of ﬁngertip
glucose testing, it was discovered that caregivers would regularly take “fin-
gerstick glucose” measurements using vascular blood where it was easily
accessible, to avoid pricking the ﬁnger of a patient.
Each hospital brings its own biases to the data too. These biases may be tied to
factors such as the patient populations served, the local practices of caregivers, or to
the type of services provided. For example:
• Academic centers often see more complicated patients, and some hospitals may
tend to serve patients of a speciﬁc ethnic background or socioeconomic status.
• Follow up visits may be less common at referral centers and so they may be less
likely to detect long-term complications.
• Research centers may be more likely to place patients on experimental drugs not
generally used in practice.
11.2.3 Quantitative and Qualitative Data
Data is often described as being either quantitative or qualitative. Quantitative data
is data that can be measured, written down with numbers and manipulated
numerically. Quantitative data can be discrete, taking only certain values (for
example, the integers 1, 2, 3), or continuous, taking any value (for example, 1.23,
2.59). The number of times a patient is admitted to a hospital is discrete (a patient
cannot be admitted 0.7 times), while a patient’s weight is a continuous (a patient’s
weight could take any value within a range).
Qualitative data is information which cannot be expressed as a number and is
often used interchangeably with the term “categorical” data. When there is not a
natural ordering of the categories (for example, a patient’s ethnicity), the data is
called nominal. When the categories can be ordered, these are called ordinal
variables (for example, severity of pain on a scale). Each of the possible values of a
categorical variable is commonly referred to as a level.
11.2.4 Data Files and Databases
Data is typically made available through a database or as a ﬁle which may have
been exported from a database. While there are many different kinds of databases
and data ﬁles in use, relational databases and comma separated value (CSV) ﬁles
are perhaps the most common.
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Comma Separated Value (CSV) Files
Comma separated value (CSV) ﬁles are a plain text format used for storing data in a
tabular, spreadsheet-style structure. While there is no hard and fast rule for struc-
turing tabular data, it is usually considered good practice to include a header row, to
list each variable in a separate column, and to list observations in rows [4].
As there is no ofﬁcial standard for the CSV format, the term is used somewhat
loosely, which can often cause issues when seeking to load the data into a data
analysis package. A general recommendation is to follow the deﬁnition for CSVs
set out by the Internet Engineering Task Force in the RFC 4180 speciﬁcation
document [5]. Summarized briefly, RFC 4180 speciﬁes that:
• ﬁles may optionally begin with a header row, with each ﬁeld separated by a
comma;
• Records should be listed in subsequent rows. Fields should be separated by
commas, and each row should be terminated with a line break;
• ﬁelds that contain numbers may be optionally enclosed within double quotes;
• ﬁelds that contain text (“strings”) should be enclosed within double quotes;
• If a double quote appears inside a string of text then it must be escaped with a
preceding double quote.
The CSV format is popular largely because of its simplicity and versatility. CSV
ﬁles can be edited with a text editor, loaded as a spreadsheet in packages such as
Microsoft Excel, and imported and processed by most data analysis packages.
Often CSV ﬁles are an intermediate data format used to hold data that has been
extracted from a relational database in preparation for analysis. Figure 11.1 shows
an annotated example of a CSV ﬁle formatted to the RFC 4180 speciﬁcation.
Fig. 11.1 Comma separated value (CSV) ﬁle formatted to the RFC 4180 speciﬁcation
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Relational Databases
There are several styles of database in use today, but probably the most widely
implemented is the “relational database”. Relational databases can be thought of as
a collection of tables which are linked together by shared keys. Organizing data
across tables can help to maintain data integrity and enable faster analysis and more
efﬁcient storage.
The model that deﬁnes the structure and relationships of the tables is known as a
“database schema”. Giving a simple example of a hospital database with four
tables, it might comprise of: Table 1, a list of all patients; Table 2, a log of hospital
admissions; Table 3, a list of vital sign measurements; Table 4, a dictionary of vital
sign codes and associated labels. Figure 11.2 demonstrates how these tables can be
linked with primary and foreign keys. Briefly, a primary key is a unique identiﬁer
within a table. For example, subject_id is the primary key in the patients table,
Fig. 11.2 Relational databases consist of multiple data tables linked by primary and foreign keys.
The patients table lists unique patients. The admissions table lists unique hospital admissions. The
chartevents table lists charted events such as heart rate measurements. The d_items table is a
dictionary that lists item_ids and associated labels, as shown in the example query. pk is primary
key. fk is foreign key
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because each patient is listed only once. A foreign key in one table points to a
primary key in another table. For example, subject_id in the admissions table is a
foreign key, because it references the primary key in the patients table.
Extracting data from a database is known as “querying” the database. The
programming language commonly used to create a query is known as “Structured
Query Language” or SQL. While the syntax of SQL is straightforward, queries are
at times challenging to construct as a result of the conceptual reasoning required to
join data across multiple tables.
There are many different relational database systems in regular use. Some of
these systems such as Oracle Database and Microsoft SQL Server are proprietary
and may have licensing costs. Other systems such as PostgreSQL and MySQL are
open source and free to install. The general principle behind the databases is the
same, but it is helpful to be aware that programming syntax varies slightly between
systems.
11.2.5 Reproducibility
Alongside a publishing system that emphasizes interpretation of results over
detailed methodology, researchers are under pressure to deliver regular
“high-impact” papers in order to sustain their careers. This environment may be a
contributor to the widely reported “reproducibility crisis” in science today [6, 7].
Our response should be to ensure that studies are, as far as possible, repro-
ducible. By making data and code accessible, we can more easily detect and ﬁx
inevitable errors, help each other to learn from our methods, and promote better
quality research.
When practicing reproducible research, the source data should not be modiﬁed.
Editing the raw data destroys the chain of reproducibility. Instead, code is used to
process the data so that all of the steps that take an analysis from source to outcome
can be reproduced.
Code and data should be well documented and the terms of reuse should be
made clear. It is typical to provide a plain text “README” ﬁle that gives an
introduction to the analysis package, along with a “LICENSE” ﬁle describing the
terms of reuse. Tools such as Jupyter Notebook, Sweave, and Knitr can be used to
interweave code and text to produce clearly documented, reproducible studies, and
are becoming increasingly popular in the research community (Fig. 11.3).
Version control systems such as Git can be used to track the changes made to
code over time and are also becoming an increasingly popular tool for researchers
[8]. When working with a version control system, a commit log provides a record of
changes to code by contributor, providing transparency in the development process
and acting as a useful tool for uncovering and ﬁxing bugs.
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Collaboration is also facilitated by version control systems. Git provides pow-
erful functionality that facilitates distribution of code and allows multiple people to
work together in synchrony. Integration with Git hosting services such as Github
provide a simple mechanism for backing up content, helping to reduce the risk of
data loss, and also provide tools for tracking issues and tasks [8, 9].
Fig. 11.3 Jupyter Notebooks enable documentation and code to be combined into a reproducible
analysis. In this example, the length of ICU stay is loaded from the MIMIC-III (v1.3) database and
plotted as a histogram [11]
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11.3 Part 2—Practical Examples of Data Preparation
11.3.1 MIMIC Tables
In order to carry out the study on the effect of indwelling arterial catheters as
described in the previous chapter, we use the following tables in the MIMIC-III
clinical database:
• The chartevents table, the largest table in the database. It contains all data
charted by the bedside critical care system, including physiological measure-
ments such as heart rate and blood pressure, as well as the settings used by the
indwelling arterial catheters.
• The patients table, which contains the demographic details of each patient
admitted to an intensive care unit, such as gender, date of birth, and date of
death.
• The icustays table, which contains administrative details relating to stays in the
ICU, such as the admission time, discharge time, and type of care unit.
Before continuing with the following exercises, we recommend familiarizing
yourself with the MIMIC documentation and in particular the table descriptions,
which are available on the MIMIC website [10].
11.3.2 SQL Basics
An SQL query has the following format:
The result returned by the query is a list of rows. The following query lists the
unique patient identiﬁers (subject_ids) of all female patients:
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We often need to specify more than one condition. For instance, the following
query lists the subject_ids whose ﬁrst or last care unit was a coronary care unit
(CCU):
Since a patient may have been in several ICUs, the same patient ID sometimes
appears several times in the result of the previous query. To return only distinct
rows, use the DISTINCT keyword:
To count how many patients there are in the icustays table, combine DISTINCT
with the COUNT keyword. As you can see, if there is no condition, we simply
don’t use the keyword WHERE:
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Taking a similar approach, we can count how many patients went through the
CCU using the query:
The operator * is used to display all columns. The following query displays the
entire icustays table:
The results can be sorted based on one or several columns with ORDER BY. To
add a comment in a SQL query, use:
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11.3.3 Joins
Often we need information coming from multiple tables. This can be achieved
using SQL joins. There are several types of join, including INNER JOIN, OUTER
JOIN, LEFT JOIN, and RIGHT JOIN. It is important to understand the difference
between these joins because their usage can signiﬁcantly impact query results.
Detailed guidance on joins is widely available on the web, so we will not go into
further details here. We will however provide an example of an INNER JOIN
which selects all rows where the joined key appears in both tables.
Using the INNER JOIN keyword, let’s count how many adult patients went
through the coronary care unit. To know whether a patient is an adult, we need to
use the dob (date of birth) attribute from the patients table. We can use the INNER
JOIN to indicate that two or more tables should be combined based on a common
attribute, which in our case is subject_id:
Note that:
• we assign an alias to a table to avoid writing its full name throughout the query.
In our 0 given the alias ‘p’.
• in the SELECT clause, we wrote p.subject_id instead of simply subject_id
since both the patients and icustays tables contain the attribute subject_id. If
we don’t specify from which table subject_id comes from, we would get a
“column ambiguously deﬁned” error.
• to identify whether a patient is an adult, we look for differences between intime
and dob of 18 years or greater using the INTERVAL keyword.
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11.3.4 Ranking Across Rows Using a Window Function
We now focus on the case study. One of the ﬁrst steps is identifying the ﬁrst ICU
admission for each patient. To do so, we can use the RANK () function to order
rows sequentially by intime. Using the PARTITION BY expression allows us to
perform the ranking across subject_id windows:
11.3.5 Making Queries More Manageable Using WITH
To keep SQL queries reasonably short and simple, we can use the WITH keyword.
WITH allows us to break a large query into smaller, more manageable chunks. The
following query creates a temporary table called “rankedstays” that lists the order of
stays for each patient. We then select only the rows in this table where the rank is
equal to one (i.e. the ﬁrst stay) and the patient is aged 18 years or greater:
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